Purpose of the Study: We define, map, and analyze geodemographic patterns of socially and medically vulnerable older adults within the tri-county region of South Florida.
medically vulnerable areas across all age cohorts (Emrich, Morath, & Buck, 2012) . Older adults have complex medical needs and use more health care and support services, which has created robust demand for a specially trained workforce to care for geriatric clients (Institute of Medicine, 2008) . According to the Government Accountability Office (GAO), federal designation criteria and calculations of medical underservice and shortage areas are not always inclusive of high need pockets within affluent areas, or certain special needs populations (Rosenbaum, Jones, Shin, & Ku, 2009 ). The process of defining socially and medically vulnerable populations of any age group is complex and without consensus. Studies targeting these issues in older adults are few in number and rely heavily on self-reported data (Andrew, Mitnitski, Kirkland, & Rockwood, 2012; Andrew, Mitnitski, & Rockwood, 2008) . The interest around older adult vulnerability has come from diverse contexts such as financial exploitation (Pinsker, McFarland, & Pachana, 2010) , disaster recovery (Barusch, 2011) , and health services utilization (McGee et al., 2008) , though it represents just a small fraction of the broad academic use of the vulnerability construct.
The vulnerability literature notes some general agreement about the socioeconomic factors that categorize populations of all ages as vulnerable. Age, sex, race, ethnicity, education level, household size and tenure, social support indicators, and special needs/disabilities are cited as risk factors in multiple studies (Aday, 1994; Andrew et al., 2008 Andrew et al., , 2012 Cutter, Boruff, & Shirley, 2003; Cutter, Mitchell, & Scott, 2000; Dulin et al., 2010; Emrich et al., 2012; Grzywacz, Almeida, Neupert, & Ettner, 2004; Morath, 2010) . Several studies of social and medical vulnerability of older adults describe increased relative risk of mortality and functional decline of older adults who reported high disease burden, poor overall health, poor functional status based on ADL/IADL performance, and lack of social support (Morath, 2010; Naik, Kunik, Cassidy, Nair, & Coverdale, 2010; Saliba et al., 2001) . Social and medical vulnerability are positively correlated, but they do not mirror each other and should be viewed as discrete entities when applying statistical and mapping techniques (Aday, 1994; Emrich et al., 2012; Morath, 2010) .
Geographic information systems (GIS) and related geospatial techniques provide tools for depicting and understanding the dynamic spatial organization of health care, analyzing health care need, exploring access to care and outcomes, and improving health care delivery (McLafferty, 2003; Richardson et al., 2013) . GIS has been used in conjunction with various factor-weighting methodologies (i.e., principal components analysis [PCA] , analytic hierarchy process, and multiple attribute assessment and evaluation) to identify areas of sociomedical need (Dulin et al., 2010) . Identifying the social and medical characteristics of a place which impair the ability to adequately prepare for, respond to, and rebound from environmental hazards is an essential step in assessing underlying spatial patterns and developing strategies to build capacity.
A common metric is Cutter's Social Vulnerability Index (SoVI), an additive factor analysis approach, which maps social vulnerability to environmental hazards at the county level (Cutter et al., 2000) . Sensitivity analysis of this algorithm showed it to be stable in the presence of minor changes of scale and variable composition, and recommended careful, expert selection of variables and interpretation of the factor analysis results (Schmidtlein, Deutsch, Piegorsch, & Cutter, 2008) . The concept of social vulnerability delineates some of the measures of special needs populations, but may not be a sufficient tool to define medical need and access. Morath (2010) developed the concept of the Medical Vulnerability Index (MedVI), based on Cutter's SoVI. MedVI assesses populations based on variables of medical need (e.g., disease, disability, drug dependence) and health care access (e.g., hospital beds, physicians, insurance). Emrich and colleagues (2012) leveraged Cutter's and Morath's respective frameworks and used PCA to combine social, medical, and physical hazard vulnerability for the general population of Florida. The project was commissioned by the Florida Department of Health (FLDOH) and ultimately produced a series of maps and tables that depict social, medical, and all-hazard vulnerability for all of Florida at the census-tract level. These maps enable a quantitative assessment of vulnerability patterns and an evidence base for targeted programs and hazard risk reduction across the state. However, this report summarized vulnerability across all age cohorts with no subfocus on older adults or any other subpopulation. There is limited information on specific cohorts of medically vulnerable populations, specifically older adults 65 and above, in the TCR of Florida, much less elsewhere in the United States, thus presenting an opportunity for age-specific analyses.
This study is motivated by a previous pilot analysis of a known at-risk population of older adults in Broward County, Florida, by providers of a mobile-service safety net program for seniors. The pilot program had successfully reduced hospital readmissions and provided in-home caregiver training, and mapped client locations to assess if these clients resided in previously identified high risk areas (unpublished data). Results indicated that a majority of the population served lived outside of Health Resources and Services Administration (HRSA)-defined Medically Underserved Areas (MUA) and Medically Underserved Populations (MUP); hence a gap was identified for further needs assessment. This project expands on the pilot work to define, map, and analyze areas of socially and medically vulnerable older adults within the TCR, and explore the geo-demographics of older adult vulnerability that are hypothesized to influence health outcomes and the general well-being of this population. Specifically, we explore the extent to which an age-stratified PCA approach can help identify new pockets of social or medical vulnerability in demographically older neighborhoods that would otherwise not be identified as vulnerable in a populationwide analysis.
Design and Methods

Data and Study Population
We leverage the rich georeferenced data set produced by Emrich and colleagues (2012) (Emrich et al., 2012) . The elevated patterns of vulnerability in the TCR were attributable to a diverse set of factors that transcends traditional ruralurban dichotomies in these counties.
The data set consists of georeferenced digital layers for multiple spatial scales, including census tracts, zip codes, and counties, with attribute data collated from a variety of public sources such as the 2010 U.S. Census, American Community Survey, and the Health Resources and Services Administration (HRSA); the full set of variable definitions is available elsewhere (Emrich et al., 2012) . All analyses in this project were performed at the census tract level, which was the finest geographic scale available in the data set. Our use of census tracts comes with the caveat that municipal health service planners are more likely to address vulnerability via jurisdictions such as neighborhoods or communities, which are generally comprised of multiple tracts. Although all spatial scales are qualified by limitations known as the modifiable areal unit problem (Openshaw, 1984) , this level of data resolution in the TCR also offers greater statistical power in discerning differences between small geographic areas regardless of the neighborhood.
Statistical Analyses
Previous uses of MedVI produced using the data set compiled for FLDOH (Emrich et al., 2012; Morath, 2010) were additive in nature and did not account for compounding interaction between variables or incorporate weighting schemes that account for variability among the input measures. These indices also did not specifically emphasize geriatric needs, although geriatric factors were included. Our construction and assessment of an age-stratified SoVI and MedVI thus required the following series of steps: (a) age-stratification of census tracts in the study area; (b) cohort-relevant variable selection for the PCA; (c) computation of multiple SoVI and MedVI comparison models through iterative PCA to distil the core components that drive older adult vulnerability in the study area; and (d) computing, mapping, and assessing the SoVI and MedVI values by census tract.
We began by stratifying the 1,218 TCR census tracts by age into dichotomous "older" and "younger" groups. We are guided by previous studies that defined older adults as over-65 and elderly adults as over-85 (Florida Department of Health, 2015) , and our goal was to analyze vulnerability for the "oldest" census tracts in South Florida, using these age thresholds, relative to all other tracts in the region. We operationally defined over-65 tracts, and over-85 tracts using a twofold selection criterion to minimize any bias given the substantial variation in population size between rural and urban census tracts in South Florida. To define over-65 tracts, we ranked all census tracts by both the absolute 65+ population and by the percentage of persons aged 65 and older, and all tracts with values greater than 1 standard deviation (SD) above the mean on either list were included. This procedure was repeated using the absolute population and by the percentage of persons aged 85 and older to define over-85 tracts. The "1 standard deviation criteria" yielded 218 over-65 census tracts with at least 1,243 persons or 32% of the population over the age of 65, and 183 over-85 tracts with at least 240 persons or 19% of the population over the age of 85 (Figure 1 ). Overall we specified 10 subsets of census tracts for comparative analysis of the TCR, five each for the social and medical vulnerability indices: (a) all TCR census tracts, (b) under-65 tracts, (c) over-65 tracts, (d) under-85 tracts, and (e) over-85 tracts. The census tract sample size was 1,218 tracts for the SoVI analysis; MedVI data availability necessitated the removal of two census tracts (i.e., 1,216) in the MedVI analysis. Table 1 summarizes the models, sample sizes, and selection criteria.
We selected 27 input measures for the PCA for social vulnerability; these included primarily demographic (age structure, number of dependents, ethnic makeup, etc.) and socioeconomic factors (housing density, income/poverty metrics, social security beneficiaries, etc.). The very large set of available sociodemographic measures utilized in MedVI was narrowed specifically for this study by removing multiple collinear variables to create a subset that would be used in PCA, a common variable reduction method. Thus, 61 input measures were narrowed down to 49 measures selected for the medical vulnerability PCA; these were primarily related to health care access (population ratios of local primary care physicians, populations ratios of geriatricians, etc.), medical need (percent of persons with certain diagnoses e.g., diabetes, hypertension, etc.), and healthcare system capability (MUAs, HPSAs, etc.). The social and medical vulnerability components were calculated via a global PCA (for the entire TCR) for each of the ten models in Table 1 . After inspecting the variable loadings and percent variance explained for each component in each analysis, we assigned a positive or negative cardinality to each social and medical component to reflect the component's positive or negative contribution toward social (or medical) vulnerability.
Our assignment of cardinalities is grounded in wellestablished social science theory, where social indicators such as age, female gender, poverty, or substandard housing would increase the risk of functional decline and mortality in older adults (e.g., Aday, 1993; Andrew et al., 2008; Coleman, 1998; Saliba et al., 2001 ). This approach is subject to some limitations, for example, the use of race and ethnic status as a positive contributor toward vulnerability risks overstating vulnerability for Miami-Dade County, which is only approximately 15% white non-Hispanic. We were also guided by the vast literature on medical factors that have been identified as contributors to vulnerability, including chronic disease and mental health burdens, nursing home placement, developmental disabilities, or lack of access to various health care services, for example, residing in a HRSA-defined MUA, MUP, or HPSA (e.g. Aday, 1994; Dulin et al., 2010; Rosenbaum et al., 2009; Sullivan et al., 2011; Wallace & Woolson, 1992) . Following this procedure, we ran cohort PCAs (i.e., at the census tract level) for each of the 10 models, and we summed the components for each census tract to generate SoVI/MedVI values by census tract. These tract-level index values were mapped using a GIS.
Finally, we computed standardized Z-scores from each SoVI and MedVI value (from each PCA run), and calculated the difference between the Z-score from the full-TCR PCA and each of the age-dependent PCAs. A tract with a positive Z-score differential would have become relatively more vulnerable given the distribution of age-dependent SoVI/MedVI values relative to the full-TCR analysis, while tracts with negative Z-score differentials would have become relatively less vulnerable, again given the agedependent distribution of tract vulnerability. We map these Z-score changes in SoVI and MedVI using a 1.5 SD threshold (above and below the mean) to highlight potentially extreme tracts, and use a bivariate mapping technique to highlight the interaction between SoVI and MedVI at the tract level. We focus this mapping strategy on the over-65 and over-85 tracts because the under-65 and under-85 tracts comprise over 80% of Florida's population and thus mimic general population trends.
All analyses were performed using a combination of IBM SPSS Statistics 22 and Esri's ArcGIS 10.3. Because all of the data used in this study originated in publicly available, anonymized data sets, no institutional review board oversight was required.
Results
Social Vulnerability
The PCA of the 27 social vulnerability measures for all TCR census tracts yielded seven components which collectively explain 72.6% of the variance in the variable set. The seven components, with their respective proportion of variance explained and cardinality (i.e., positive or negative association with social vulnerability) are characterized by, and thus named for, the following measures: (a) class (poverty) (18.3%; +), (b) old age (15.2%; +), (c) wealth (12.1; -), (d) female gender (9.1; +), (e) Hispanic ethnicity (7.5; +), (f) Native American ethnicity and employment in extractive industries (5.4%; +), and (g) nursing home residents (5%; +; see Supplementary Table 1 ). The components of the four age-stratified analyses-under-and over-65, and under-and over-85-are listed in Supplementary Table 1 for qualitative comparison. The under-65 and under-85 analyses (in both cases subsets of "younger" census tracts with lower proportions of older adults) yielded eight social vulnerability components that mirror the seven components derived from the whole TCR, plus an additional component representing the proportion of renters (7.2% and 7.8% of the variance explained for under-65 and under-85, respectively). The components loaded in roughly the same order, and with similar magnitude of the percent variance explained. As expected, the percent variance explained by the "old age" component decreased in each of these analyses (9.8% and 10.4%, respectively for under-65 and under-85) because these subsets of "younger" tracts, by definition, excluded disproportionately "older" tracts in the TCR.
Likewise, the over-65 and over-85 analyses yielded six social vulnerability components that also mirrored those generated for the TCR, though to a lesser extent. As expected, the percent variance explained by the "old age" component increased due to the endogeneity of using age to define these subsets of census tracts. Social vulnerability in these "older" census tracts was largely driven by old age, household size, and Hispanic ethnicity (25.8% and 21.8%, respectively for over-65 and over-85). The biggest difference between the analyses of the "older" tracts from the "younger" tracts is that the renters component was replaced by a component capturing "mobile home residents and class (poverty)" (8.2% and 9.2%, respectively for over-65 and over-85).
The geographic pattern of SoVI by census tract is presented in Figure 2 . Social vulnerability across all ages (Figure 2, panel A) clearly mirrors socioeconomic trends in the TCR with low SoVI values along the generally wealthy Atlantic coastline, and higher values inland-particularly in racial/ethnic minority communities-and in western rural areas. Social vulnerability for the younger subset of tracts, under-65 and under-85 (panels B and C), generally reflects the pattern for all ages. Higher SoVI values in the older tracts, over-65 and over-85 (panels B and C) tends to follow racial/ethnic trends in Miami-Dade County (reflecting lower-income Hispanic corridors along Calle Ocho and Okeechobee Road) and in Palm Beach County (reflecting a strip of lower-income African American neighborhoods down the center of the county). In Broward County, several geographically distinct pockets of higher SoVI values emerge in neighborhoods with white, Hispanic, and African-American majorities.
Medical Vulnerability
The PCA of the 49 medical vulnerability measures for all TCR census tracts yielded 10 components which collectively explain 89.3% of the variance in the variable set. The 10 components, with their respective proportion of variance explained and cardinality (i.e., positive or negative association with social vulnerability) are characterized and named for the following measures: (a) medically dependent populations (28.9%; +), (b) older adult morbidity and services (22.6%; −), (c) local specialist and other health service (12.2; −), (d) special needs populations (neurological, pediatric, dialysis) (5.3; +), (e) geriatric and primary care physician density (4.8; −), (f) MUP and health practitioner shortage area (HPSA) designation (4.4%; +), and (g) federally qualified and free health clinic density (3.2%; −), (h) low birth weight (3.2%; +), (i) emergency pediatric hospital density (2.5%; −), and (j) MUA designation (2.2%; +) (see Supplementary Table 2 ). The components of the four agestratified analyses-under-and over-65, and under-and over-85-are listed in Supplementary Table 2 for qualitative comparison.
The under-65 and under-85 analyses also yielded 10 medical vulnerability components that are identical to those derived from the whole TCR, and in the same order with the exception of components 7 and 8 (federally qualified and free health clinic density and low birth weight) trading places. In comparing the under-65 and under-85 analyses, the component order, the total percent variance explained (89.8% and 89.6%, respectively), and percent variance explained of each of the ten components were nearly identical.
The over-65 and over-85 analyses yielded nine medical vulnerability components that captured a slightly higher percent variance explained (91.8% and 91.2%, respectively) that the analysis for the full TCR (Supplementary  Table 2 ). But in contrast to the SoVI analysis where the percent variance explained by the "old age" component increased, MedVI component 5 (geriatric and primary care physician density) dropped to component 8, and the "geriatric" dimension of this component disappeared. In these "older" census tracts, relatively more of the variation in medical vulnerability is captured in the first component, "medically dependent populations" (35.2% and 32.8%, respectively). The "medically dependent" component incorporates the census tract-level percentage of: the over-65 population with probable Alzheimer's disease, oxygen-dependent persons, population with developmental disabilities, adults diagnosed with mental illness, population with arthritis limiting activities of daily living, population with hypertension, population enrolled in Medicaid, and a standardized community health care access score. The second component, "older adult disease burden and services," accounting for 22.6% and 25.1% of the variance in medical vulnerability in the over-65 and over-85 tracts, was driven by the tract level percentage of: population over age 65 living alone, adults with a history of myocardial infarction, coronary artery disease, diabetes, and asthma, and adults reporting fair or poor health, as well as the number of available nursing home beds, number of per capita hospice facilities, countywide number of assisted living facility beds, and net funds available for 501(c)3 organizations. "Federally-qualified and free health clinic density" also progressively captures more variability in the older tracts, and "HPSAs for mental health practitioners" emerges as a final component in the over-85 tracts, replacing "low birth weight." Variables related to mental health influence both components 1 and 2, and trauma hospital density appears as a factor decreasing medical vulnerability in older adult populations (component 7), which was not the case across all age groups.
The geographic pattern of MedVI by census tract is presented in Figure 3 . Geographic patterns of MedVI were unique to some areas designated by our criteria as "older tracts." Miami-Dade and Broward counties exhibited little age-dependent change in medical vulnerability patterns, with primary corridors in southwestern, rural Miami-Dade county, northeastern Miami-Dade county, and northeastern Broward county. However, age-dependent areas of older adult medical vulnerability emerged in eastern central and southeastern Palm Beach County. These patterns persisted for both over-65 and over-85 tracts. Emerging patterns of older adult sociomedical vulnerability in Palm Beach County are a primary target for future planned research.
Integration of Social and Medical Vulnerability
Figures 4 and 5 present the integration the SoVI and MedVI data for the over-65 and over-85 analyses. In panels A and B of Figure 4 , we mapped the difference between the Z-scores computed from the TCR analysis with those from the over-65 analysis, for SoVI and MedVI, respectively (panels A and B in Figure 5 present the same thing for the over-85 analysis). In the over-65 SoVI analysis, 12 census tracts had a Z-score change greater than 1.5 SD from the mean change (i.e., tracts that appear more socially vulnerable in the over-65 analysis than the TCR analysis), and 20 tracts (in predominantly coastal areas) had a negative Z-score change below −1.5 SD from the mean (i.e., tracts that appear less socially vulnerable in the over-65 analysis). In the over-65 MedVI analysis, the respective numbers of tracts with Z-score changes above 1.5 SD and below −1.5 SD were 4 (all in Palm Beach County) and 22 (all but one in Miami-Dade County). In the over-85 analyses for SoVI and MedVI (Figure 5 ), the numbers of respective tracts with In (A) and (B), red tones show tracts that become relatively more vulnerable in the age-adjusted over-65 analysis, whereas blue tones show tracts that become relatively less vulnerable.
Z-score changes above 1.5 SD and below −1.5 SD were 11 and 17 (SoVI), and 10 and 8 (MedVI). These census tracts are not necessarily the most extreme values of vulnerability computed from any particular PCA, but rather represent the tracts where the SoVI or MedVI value was more extremely distributed (either positively or negatively) in the age-adjusted analysis relative to the TCR analysis. These are potentially pockets of vulnerability that might be missed without an age-adjusted approach.
Panel C in Figures 4 and 5 (for over-65 and over-85, respectively) displays the interaction of SoVI and MedVI. In these bivariate maps, the lightest red or blue tones indicate lower SoVI or MedVI values (<−1.5 SD) and darker red or blue tones indicate higher values (> 1.5 SD), whereas the purple tones indicate the overlap of both SoVI and MedVI in the same tract. In the over-65 analysis (Figure 4 , panel C), 3 tracts were classified as high-SoVI and high MedVI (the darkest purple tones; 2 in Palm Beach and 1 in Broward), and 12 additional tracts were classified as either highmedium or medium-high. In the over-85 analysis ( Figure 5 , panel C), 1 tract in Broward was classified as high-high, and 14 more were classified as high-medium or medium-high.
The distribution of census tracts across the low, medium, and high categories in all panels of Figures 4 and 5 is summarized by county in the Supplementary Table 3 (over-65) and Supplementary Table 4 (over-85). These census tract counts remind us that over half of over-65 tracts in the TCR (using our definition) are in Palm Beach County and reveal additional differences between counties. For example, we observe that 21 of the TCR's 22 over-65 tracts with a low MedVI Z-score change (i.e., much less vulnerable in the age-adjusted analysis) are in Miami-Dade, whereas all four over-65 tracts with a high MedVI Z-score change (i.e., much more vulnerable in the age-adjusted analysis) are in Palm Beach (Table 4) . Thus, in the age-adjusted analysis Miami-Dade County generally exhibits less extreme medical vulnerability, while Palm Beach County tends to exhibit more extreme medical vulnerability, with Broward County somewhere in between. But a deeper dive into the over-65 tracts with medium MedVI Z-score changes strengthens this finding: all 32 of Miami-Dade's medium tracts also have negative Z-scores, while all but two of Palm Beach's 113 medium tracts have positive Z-scores. These relationships are, of course, shaped by variability within the defined TCR study area, and to a lesser extent the uniform assignment of cardinalities to the principal components across counties with different sociodemographics. County-specific or state-wide age-adjusted analyses may therefore yield different results (again hearkening a form of the modifiable areal unit problem), and ultimately the "best" scale depends on the scope and jurisdiction of the intervening institution.
Implications
Data reduction methods such as PCA have been used in other vulnerability studies to summarize large input data sets and minimize multicollinearity (Andrew & Keefe, 2014; Emrich et al., 2012; Morath, 2010; Pinsker, McFarland, & Stone, 2011) , and this approach was implemented with the TCR data set. By applying both literature-driven theory and expert knowledge, the list of input variables from the TCR social and medical vulnerability indices was vetted to minimize the number of measures that are not specific to older populations. By implementing PCA, core components of social and medical vulnerability indices (SoVI and MedVI) are extracted, reflecting the best available measures germane to older adult health and well-being, and mapped for visual inspection and hypothesis generation. We see that social and medical vulnerability are indeed different constructs with only modestly overlapping geographies in South Florida. By focusing the analysis on older segments of the population, we see slightly different geographic distributions of social and medical vulnerability, notably an emerging pocket of social vulnerability in central Broward County, and an emerging pocket of medical vulnerability in Palm Beach County. These pockets emerge despite significant overlap in the population analyzed, given that the over-65 and over-85 segments are subsets of the total population analysis. This process thus establishes a means of creating and visualizing age-specific measures of vulnerability that can help health care analysts, planners, first responders, and emergency management officials identify additional pockets of social and medical vulnerability that might otherwise be missed in a populationwide analysis.
The provision of health care for a rapidly increasing population of older adults in the United States is undergoing unprecedented change. Traditional models of feefor-service care are being transformed into new payment systems, quality is being defined and measured, care is becoming more individualized, and accurate data collection and analysis is vital within this environment. Many challenges lie on the horizon: the workforce is not adequately trained to work with geriatric populations, care is fragmented and there are disparities in access, and increasingly medically complex older adults are being cared for in a variety of settings, often by untrained, informal caregivers (Institute of Medicine, 2008) . It is important to take a person-centered approach, focusing attention on the root causes for the social and medical vulnerability of older adults, including the surrounding geographic context. Local and regional government agencies, such as Area Agencies on Aging, are increasingly connecting people to information and resources, and would benefit greatly from more detailed data about the population served. The use of geographic and statistical techniques to explore local factors related to aging demonstrates the benefits of heightened data granularity. In this rapidly evolving paradigm, data that explain the driving factors of older adult social and medical vulnerability remain essential to medical practice.
There are opportunities to better understand the geographic patterns of SoVI and MedVI via quantitative spatial analysis to identify both areas of disparity and hot-spots for potential interventions. The spatial context of vulnerability is the ultimate interest, in addition to pinpointing individual neighborhoods that may be more or less vulnerable. The neighborhood effects literature has long considered localized patterns of primary care usage, as well as food environments, clean water, safe walking opportunities, and toxin-free environments. Spatial analysis enables the provision of individualized preventative health care recommendations given these contextual variables, and can reveal unexpected utilization patterns of health care resources (Berke, 2010) . The results from this study could be further analyzed and paired with individual-level data from electronic health records to tailor individualized recommendations specifically for these vulnerable older adults. This will require the delineation of contiguous, contextual boundaries of high vulnerability with recognition of the traditional geographic challenges of the modifiable area unit problem, and the elusive nature of neighborhood effects. There are also opportunities to model the SoVI and MedVI valuesor particular individual components of interest-against geriatric patient outcomes or location-specific standardized measures of care in South Florida, though this type of data is often difficult to aggregate across providers.
Expanded use of the methods demonstrated in this study can serve gerontologists in several innovative ways. In clinical practice, high-resolution vulnerability maps can help streamline direct referral processes and guide the use of supplementary services. Small areas of concentrated older adult vulnerability could be targeted for clinical intervention programs by interdisciplinary mobile service delivery teams (e.g., medicine, law, social work, and public health) that physically bring needed services to underserved areas. Mobile service delivery can in turn enable practical and intense learning environments for health care trainees with limited experience dedicated to geriatric patient care. Hospitals and insurers could improve surveillance of older adults discharged to high-or emerging-vulnerability areas as part of a larger strategy to decrease readmission rates. Maps of age-adjusted social and medical vulnerability could also support aging-in-place initiatives and planning for naturally occurring retirement communities by focusing on prevention, management, and engagement of different patient age cohorts.
Our goal was to model older adult vulnerability using age-adjusted SoVI and MedVI components generated for "older" areas of the TCR, and applying an approach that is scalable to the entire United States. Current studies of older adult vulnerability rely heavily on self-reported health data and functional status, which do not integrate many of the demographic or exogenous community characteristics that appear to be driving this vulnerability. This analysis utilized a combination of aggregated compositional and contextual factors to identify pockets of social and medical vulnerability in neighborhoods that have a higher proportion or quantity of older adults. Such cohort-specific analysis could ultimately reveal factors related to hospital readmissions, emergency care utilization, and otherwise enhance health care planning for older adults. County-based health initiatives, hospital discharge programs, long-term care facilities, private health care providers, emergency and disaster management programs, and home health care services would all potentially benefit from a more granular analysis of older-adult social and medical vulnerability. Finally, this age-adjusted approach also implies the potential to explore vulnerability among the youngest cohorts, particularly as the US population ages and health resources slowly catch up with changing demographics. Such a targeted approach could help health care providers in identifying socially and medically vulnerable populations across all age cohorts and more efficiently deploy demographically tailored social and health services.
Supplementary Material
Please visit the article online at http://gerontologist. oxfordjournals.org/ to view supplementary material.
Funding
This work was supported by a Nova Southeastern University Health Professions Division Research Grant.
